Automation of liver positron emission tomography (PET) image segmentation is proposed in this paper. A new active contour model (ACM), called Poisson Gradient Vector Flow (PGVF), with genetic algorithm (GA) constructs a scheme to automatically find the contour of liver in the PET images. PET is widely used for the clinical purpose, but image quality of PET makes the image segmentation be a tough work.
Introduction
The imaging formation of positron emission tomography (PET) images [1] can be used to evaluate the organs' metabolic function because the positron decay [2] takes place due to the metabolic reaction after injection of the radiopharmaceutical substance into human body. The releasing electron and a positron encounter each other and they annihilate to produce two highenergy photons, ␥ rays [3] . The ␥ rays collected by detectors to generate signals that are used for reconstruction of functional PET images. To evaluate the organs' metabolic function, PET images need to be processed by workstations equipped with the PET imaging machines. However, most software packages installed in these workstations use the seed region growing methods [4] for image segmentation purposes. The segmentation results of PET images are not good enough because of the high noise, low resolution, and blurriness. The cluster analysis [5] method and traditional watershed method [6] were used for PET image segmentations, but the over segmentation problem caused unqualified results. A new automatic segmentation method for PET images by using active contour model (ACM) [7] [8] [9] [10] is proposed in this paper. Active contour models can capture the object boundaries in images and they are widely used in the image segmentation problem for their robustness to the noisiness. The application of traditional active contour for PET images focuses on brain tissues [11] , but not on liver tissue. Automation of liver segmentation is more difficult than automation of brain tissue segmentation because of organs more asymmetrically located in abdomen slice images. Traditional active contour models with the manual selection of initial contours are not suitable for the automation of liver PET image segmentations. Our previous work [12] , Poisson Gradient Vector Flow (PGVF) ACM, is applied on the automatic segmentations of PET image because the initial contour can be automatic selected by the Canny edge detection method from the candidate curves of liver. The number of the candidate curves is influenced by the values of the two parameters, threshold and sigma. However, manually finding the optimal values of the two parameters is time consuming. The genetic algorithm (GA) is used to automatically obtain optimal values by designing the fitness function to obtain the longest and the least number of the candidate curves. Appling genetic algorithm once to obtain an initial curve on the first slice of sequential images is enough for one subject study. It saves CPU time using the liver contour of the segmentation result of the last slice as the initial contour for the next slice. 
Automation of image segmentation
The flow chart of the image segmentation method is shown in Fig. 1 .
The first step is to input the original PET image and the second step is to find the edge map by the Canny edge detection and genetic algorithm. The third step is to capture the contour of the liver in the PET image by the PGVF ACM. Because the PGVF ACM method plays an important role, Section 2 will explain this method in detail. Section 2.1 is an introduction of the theory and development of ACM which is the basic knowledge of PGVF ACM. The image force of PGVF ACM is introduced in Section 2.2 and the theory of Canny edge detection method is presented in Section 2.3. Section 2.4 introduces the implementation of the genetic algorithm for finding the parameters of Canny edge detection method.
The theory of ACM
There are two kinds of the image segmentation methods: one is to take out regions of interest (ROI) pixels from original image and the other is finding out the ROI contour. Active contour model is a method to find out the ROI contour. Active contour model is presented by Kass et al. [7] [8] [9] [10] 13, 14] . Active contour model was classified into one kind of physics-based technique [15, 16] is able to segment the edge of object. Since the active contour is deformable like a snake, then "Snake" is used as the same as the traditional ACM. One drawback of traditional ACM is that the initial circle must be closed to an object and the other drawback is that concave object cannot be segmented accurately. In other words, the accuracy of the traditional ACM needs to be improved. For improving of the drawbacks, Xu and Prince announced Gradient Vector Flow (GVF) ACM [17] 
where E ext is the external energy, 
and
where ∂E ext /∂s is the external image force field, x ss and y ss are the second derivatives, x sss and y sss are the forth derivatives of x and y coordinates respect to the independent variable s. In the traditional ACM, external energy E ext equals to square of intensity gradient:
or equals to square of convolution between Gaussian function G σ with variance σ and intensity operated by the gradient operator :
The GVF [17] ACM method is modified from the traditional ACM method with an edge map f(x,y) = −E ext and the external image functional E ext is defined as follows:
where 2 is the Laplacian operator and μ is a selected constant and it is large for getting a smooth filed. According to variation calculation, the Euler equation is obtained as
The numerical solution of v in Eq. (7) can be obtained by numerical method. We will show the difference between GVF and PGVF methods in the next section.
Image force of PGVF ACM
The image force of PGVF ACM is different from GVF ACM. PGVF ACM by solving the Poisson eqaution (8) to get the external image force:
f edge is a binary edge map detected by Canny edge method. After φ(x, y) is computed, the external image force field is computed by the vector flow v = −∇φ(x, y). The finite difference method can be used to obtain the numerical solution.
The Canny edge detection
Canny edge method [18] is an edge detection method to generate edge image by looking for local maxima of the gradient of grayscale image. The gradient is calculated by using the derivative of a Gaussian filtered grayscale image. The method uses two thresholds, to detect strong and weak edges, and includes the weak edges in the output only if they are connected to strong edges. If you use the edge function of Matlab and specify a scalar for thresh, this value is used for the high threshold and 0.4 × thresh is used for the low threshold. This method is therefore not to be fooled by noise, and more likely to detect true weak edges. One parameter σ of Canny edge method to be selected is the standard deviation of the Gaussian function. Once the edge image obtained, non-maximum suppression algorithm is used to mark the edge element and trace along the gradient in the edge direction. After non-maximum suppression, a threshold is used to produce a binary edge image. The black areas are the pixels with the edge strength below the threshold and the white areas are the pixels with the edge strength above the threshold.
Implementation of genetic algorithm
GAs were invented by Holland [19] and developed by him and his students and colleagues [20] . The GA is an evolutionary computing (EC) inspired by Darwin's theory of evolution and uses an evolutionary process to solve problems [21, 22] . As shown in the previous section, how to choose the values of the threshold and σ parameters is a problem to be solved. The values of threshold and σ parameter form a set of solutions and are separately represented by chromosomes. The concept of genetic algorithm applied on the threshold and parameter selection is described in the next paragraph.
Algorithm begins with a set of solutions called population. A new population is generated from an old population with a hope that the new population will be better than the old one. According to their fitness, new solutions are selected as (offspring) and their fitness is increased. This procedure is repeated until the number of generation is limited. The design of fitness function F depends on the problem. In the problem of the parameter selection, the fitness function is defined as in the following equation:
where L and N are length and total pixel number of white contour line, and α is a weighting number 2/3.
Results and discussion
There are 3 image data sets with 16 abdomen PET slice images used for testing the new segmentation method. One image data set D1 is adapted from the study of one person with a normal liver that is obtained from the website of the book [23] . The other two image data sets, D2 and D3, are adapted from the studies of two patients with abnormal livers that are supplied by the Chung Shan Medical University Hospital. The size of each image is 128 × 128 pixels. It is the first step to find the edge map for the segmentation of the liver. In the next section, there are two examples used to show that it is very difficult to find the optimal edge map by manual selection.
Manual selection of edge map
The threshold and σ need to be decided for obtaining suitable edge map for PGVF ACM by the Canny edge detection method. The values of σ influence the edge maps as shown in Fig. 2(a)-(c) by setting the threshold values 0.1 and σ values 1, 2, and 3. The liver contour in Fig. 2(b) is more complete than Fig. 2(a) and (c). Fig. 3 is an example to demonstrate that the values of threshold influence the results of the edge map. The σ values are fixed at 1.9 and threshold values are 0.1, 0.11, 0.23, and 0.4 in Fig. 3(a)-(d) . Although a little variance of the σ values, Fig. 3(a) has more edge lines than Fig. 3(b) . The total number of the edge line in Fig. 3(a) and (b) is larger than Fig. 3(c) and (d) . According to these observations, slight change of σ or threshold value induces significant influence on the contours in edge map. Because the liver contour line is complete and least number of edge line, Fig. 3(c) is the best binary image used for the edge map. Manual selection of the two suitable parameters is not efficient because hundred values of parameters should be tested. To develop automatic method to select suitable parameters is necessary and GA is introduced to solve the problem in the next section.
Automatic selection of edge map
In this section, three test images were selected from the 9th slice of D1, D2, and D3 image data sets, and they were denoted as D1 (9), D2 (9) , and D3(9) as shown in Fig. 4 . These images were used to demonstrate to the effectiveness of GA applied on the automatic selection of the threshold and σ parameters. (9), (b) D2 (9), and (c) D3 (9) .
The fitness function of the GA is defined as in Eq. (9) and the ranges of threshold and σ are (0, 0.9) and (0.1, 2). The other parameters of GA are given in Table 1 .
It is important to choose the generation number because it influences the values of threshold and σ parameters. The generation number as shown in Table 1 that is decided by the convergence test of the fitness function values. The fitness function values vary with the number of generation as shown in Fig. 5(a)-(c) .
As shown in Fig. 5 , the change rate is larger when generation number is less than 100 and is going to be stable as the generation number is increasing. The generation number 100 is chosen as the stopping condition in the following examples. Fig. 6 (a)-(c) was binary images obtained by Canny edge detection with the values of threshold and σ in Table 2 and they can be used as the edge maps for PGVF ACM.
Segmentation by the PGVF ACM
The edge maps as shown in Fig. 6 are used by the PGVF ACM to process the image segmentation. Selection of the initial curve is important for PGVF ACM. The location of liver is always at the left side of each image as shown in Fig. 7 . We chose a circle with radius (15 pixels) as an initial curve. The center of each circle is located at the intersect point of the vertical tangent line with the liver contour. Fig. 7 shows the initial circles of PGVF ACM for images (a) D1 (9), (b) D2 (9), and (c) D3 (9), and the center coordinates for each initial circle are (26, 73), (40, 70), and (50, 70). Table 2 . Table 2 The values of threshold and σ of image data D1(9), D2 (9) , and D3 (9) Images Threshold σ D1(9) 0.2283 1.6353 D2 (9) 0.84023 1.1166 D3 (9) 0.32536 0.3614 (9), (b) D2 (9), and (c) D3(9).
In the first 40 iterations, the evolution curves are progressing as shown in Fig. 8 .
By testing the images D1(9), D2 (9), and D3(9), the evolution curves were stopped at the 100th iteration and the shapes and the locations of contours are shown in Fig. 9(a) , (c), and (e). The inner regions of these contours are shown as the binary images in Fig. 9(b) , (d), and (f). The subject of the image data D1 (9) is normal and the subjects of D2(9) and D3(9) are abnormal. Comparing with Figs. 9 and 10, radiologists indicated the result of Fig. 9(a) is better than Fig. 9(b) and (c) and these contours almost match the edges of livers.
Segmentation of sequence images
PGVF ACM has to select the initial curve for continuing the curve evolution. However, for the sequence images PGVF ACM only has to choose an initial curve once because the initial curve of the next image can use the final curve of the last image. As shown in Fig. 11(a) , the segmentation result of the 9th slice image is used to be the initial curve for the segmentation of the 10th slice image. Fig. 11(b) shows that curves are progressing at the 40th iteration and the contour is close to the edge of the liver. Fig. 11(c) shows the contour at the 100th iteration and the contour is similar as Fig. 11(b) .
Comparing to Fig. 11(a) , an initial circle as shown in Fig. 12(a) is used as an initial curve for the 10th slice image segmentation. Fig. 12(b) shows that curves are progressing at the 40th iteration and the contour is far from the edge of the liver. Comparing with Figs. 11(b) and 12(b) , we can conclude that it only needs 40 iterations for curve evolution if using the 9th slice image segmentation result as the initial curve. Fig. 12(c) shows the contour at the 100th iteration and it is similar as Fig. 11(c) . By using the 9th slice image segmentation results as the initial curve, the segmentation results of the (a) 8th, (b) 10th, and (c) 11th slice image for each image data set D1, D2, and D3 are shown in Figs. 13-15. 
Conclusion
There are 3 image data sets with 16 abdomen PET images used in the experiments. The segmentation results show that the PGVF ACM is suitable for automatic segmentation of the liver PET images. When lots of image data need to be processed, the automatic segmentation by using PGVF ACM with GA can save much time and overcome the defects caused by manual selection of ROI.
In the future works, the proposed method can be applied automatically on the liver image segmentation of the functional PET images and anatomical CT for the fusion purpose. Another application of the proposed method is applied to correct the effects of the breathing motion of patients. The motions cause the relative motion of the different transversal image slices. The realignment of liver contours of PET images is necessary for the accuracy of the calculation of the 3D volume of the volume of interest (VOI) that can be used for the computation of 3D dose distribution curve.
